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Abstract

Mass customization has been identified as a competitive strategy by an increasing number of companies.
Family-based product design has been recognized as an efficient and effective means to realize sufficient
product variety to satisfy a range of customer demands in support for mass customization. This chapter
presents a knowledge-supported approach to concept evaluation and selection in design for the mass
customization process. The focus of this chapter is on the development of a knowledge intensive support
scheme and a comprehensive systematic fuzzy clustering and ranking methodology for concept design
evaluation and selection. In the chapter, product family design is viewed as a selection problem with the
following key stages. product family (design alternatives) generation, product family design evaluation, and
selection for customization. First, the fundamental issues underlying product family design for mass
customization are identified and discussed. Then, a knowledge support framework and its relevant
technologies are developed for module-based product family design for mass customization. A systematic
fuzzy clustering and ranking model that models imprecision inherent in decision-making with fuzzy
customers' preference relations and carrying out fuzzy analysis and evaluation in solving the multi-criteria
decision making problem during the early design stage is proposed and discussed in detail. The neural
network technique is used to adjust the membership function. The proposed model is illustrated by a case

study of knowledge support for power supply product evaluation, selection, and customization.
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1. Introduction

Today's highly competitive, global marketplace is redefining the way companies do business. Mass
customization (Pine, 1993) provides a new paradigm for manufacturing industries, whereby variety and
customization supplant standardized products, heterogeneous and fragmented markets spring from once
homogeneous markets, and product life cycles and development cycles spira downward (Tseng and Jiao
1996,1998). It has recently received much attention and popularity from both industry and academia, and has
been considered as a new battlefield for manufacturing enterprises (Wortmann et al. 1997). Mass
customization aims at delivering an increasing product variety to satisfy diverse customer needs while
maintaining near mass production efficiency (Tseng and Jiao 1996). Essentidly, it is an oxymoron of variety
to cater for customization and the low costs of variety fulfillment. To adopt the mass customization
paradigm, many companies are being faced with the challenge of providing as much variety as possible in
the marketplace with as little variety as possible between products in order to maintain economies of scale,
while satisfying awide range of customer requirements.

A product family (line) refersto a collection of product variants that have the same or similar functions
but with different combinations of attribute levels. In a market characterized by a large variety of customer
preferences and with competitions, companies introduce a product family to satisfy as best as possible the
preferences of different customers and also achieve their business goals (Li and Azarm 2002). Family-based
product design has been recognized as an efficient and effective means to realize sufficient product variety
to satisfy a range of customer demands in support for mass customization (Tseng and Jiao 1996).
Customized product development is resembled as configuration design, in which a family of products can
widely variegate the selection and assembly of modules or pre-defined building blocks at different levels of
abstraction so as to satisfy diverse customization requirements. The essence of configuration design is to
synthesize product structures by determining what modules or building blocks are in the product and how
they are configured to satisfy a set of requirements and constraints. Thus, product /family design evaluation
plays an important role in this process, as a poor selection of either a building block or module or a
configuration structure is difficult to be compensated for at later design stages and can give rise to expensive
redesign costs (Pahl and Beitz 1996). Because of its paramount importance in configuration design, the
aternative evaluation and selection problem has received enormous attention both in the academia and in
the industry. Although a number of methods have been investigated, there is still much to be desired due to
the hindrance inherent in the conceptual evaluation and selection process. Difficulties associated with such a
task lie in problem solving complexity, various decision criteria, and product performance assessment (Jiao
and Tseng 1998; Zha and Lu 20023,b).



Contemporary design has become increasingly knowledge-intensive (Tong and Sriram 1991a,b; Sriram
2002). Knowledge-intensive support becomes more critical in the design process and has been recognized as
a key solution towards future competitive advantages in product development. To improve the product
family design for mass customization process, it is imperative to provide knowledge support and share
design knowledge among distributed designers. The aim of this chapter is to develop methodologies and
technologies of knowledge support for modular product family evaluation and selection in customer-driven
design for mass customization. The focus of this chapter is on the development of a comprehensive
systematic fuzzy clustering and ranking methodology for product family evaluation and selection in the
context of design for mass customization.

The organization of this chapter is as follows. Section 2 reviews the previous research related to
product family design evaluation and selection. Section 3 addresses issues and technologies for customer-
driven modular product family design for mass customization and its knowledge support framework. Section
4 discusses a knowledge support scheme for product family evaluation in design for mass customization. A
fuzzy clustering and ranking methodology is proposed and discussed in detail. Section 5 provides a case
study and a scenario of knowledge support for product customization in power supply family design. Section
6 presents the research results and discusses the benefits or advantages of the proposed approach. Section 7

summarizes and concludes the chapter.

2. Current Satus of Research

In this section, previous research work related to knowledge supported product family design for mass
customization and design alternative evaluation and selection, is briefly reviewed. We first review the
literature on design alternative evaluation and selection. Next we review the application of design alternative

evaluation and selection to product family design evaluation and selection.
2.1 Design Alternatives Evaluation and Selection

The literature on design alternative evaluation and selection can be generally classified into five categories
(Jiao and Tseng 1998a): 1) multi-criteria utility analysis, 2) fuzzy set analysis, 3) design analytic
methodology, 4) hybrid approach, and 5) information content approach. The first three approaches are
generally used. The following review focuses mainly on these first three approaches.

Multi-criteria utility analysis, originally developed by von Neumann and Morgenstern (1947), is an
analytical method for evaluating a set of aternatives, given a set of multiple criteria. It has been widely

applied in the areas of engineering and business for decision-making (Hwang and Y oon, 1981). Thurston



(1991) has applied this technique to the material selection problem that evaluates alternatives based on
utility functions that reflect the designer’s preferences for multiple criteria. Mistree et al. (1992, 1995)
modeled design evaluation as a compromise decision support problem (DSP) and employed goal-
programming techniques to make optimal selection decisions. While mathematical programming and utility
analysis enhance algorithm-rigorous optimization modeling, such methods require the expected performance
with respect to each criterion to be represented in a quantitative form. They are not appropriate for use in the
early design stages, where some qualitative design criteria, i.e., intangible criteria, are involved and difficult
to quantify (Thurston and Carnahan, 1992).

Fuzzy analysis, based on fuzzy set theory (Zadeh 1965), is capable of dealing with qualitative or
imprecise inputs from designers by describing the performance of each criterion with some linguistic terms,
such as “good,” “poor,” “medium,” etc. Fuzzy analysis has proven to be quite useful in decision-making
problems with multiple goals or criteria (Zimmermann 1987, 1996). Wood and Antonsson (1989) have
demonstrated its viability in performing computations with imprecise design parameters in mechanical
design. Wood et al. (1990) compared fuzzy sets with probability methods and concluded that fuzzy set
analysis is most appropriate when there are imprecise design descriptions, while probability analysis is most
appropriate for dealing with stochastic uncertainty. Thurston and Carnahan (1992) revealed that fuzzy set
analysis is more useful and appropriate at very early stages of the preliminary design process. Knosala and
Pedrycz (1992) utilized the analytic hierarchical process method (Satty 1991) to construct membership
functions for the performance and weight of each criterion, and then applied the fuzzy weighted mean of the
overall evaluation to ranking alternatives. Carnahan et al. (1994) represented evaluation results and weights
regarding each criterion with linguistic terms and ranked alternatives based on the fuzzy weighted mean of
distance from a fuzzy goal. While fuzzy analysis excels in capturing semantic uncertainty with linguistic
terms, it requires discreet deliberation in dealing with crisp information. A domain-specific method is
needed to fuzzify each tangible criterion whose evaluation is naturally estimated as an ordinary real variable
(Carnahan et al. 1994). Another challenge is the incomparability between various criteria (Wang 1997,
Siskos et al. 1984). This necessitates mechanisms to be capable of converting various types of performance
evaluation with respect to different criteria to a common metric so as to specify suitable membership
functions for them.

To reflect customer preferences in multi-criteria design evaluation, the relative importance or weighting
factor for each criterion has been considered by numerous evaluation procedures (Jiao and Tseng 1998).
Frazell (1985) assigned weights to criteria on a 0-100 scale. Sullivan (1986) presented a similar method
called the linear additive model, in which ranking is included. Huang and Ghandforoush (1984) presented

another procedure for quantifying subjective criteria. They computed intangible criteria measures as the



multiplication of the intangible criterion weights by the subjective customer rating. Dixon et al. (1986)
measured the performance by degree of satisfaction, ranging from excellent to unacceptable. They combined
this measure with priority categories of high, moderate, or low to evaluate a design. Nielsen et al. (1986)
used factor-criteria to establish the level of importance of attributes. A priority level, i.e., absolutely
necessary, important, or desirable, is indicated for each factor-criterion and is used to guide decision-
making. The main drawback of these evaluation methods is that they ignore the inconsistency issue on the
part of the decision maker (Saaty 1991), which occurs when the solution does not match the decision
maker’'s preference and results from the randomness of the decision maker’'s judgments. The analytical
hierarchy process (AHP) was developed to deal with the decision-maker’s inconsistency and to mimic the
human decision-making process (Saaty 1991). The AHP determines weights by means of pair-wise
comparisons between hierarchical decision levels. It has been proven to be a more rigorous procedure for
determining customer preferences, and has been approached from the fuzzy point of view by Boender et al.
(1989). Carnahan et al. (1994) proposed an approach to fuzzify the weights after they have been obtained by
the AHP.

There are also many other product feasibility and quality assessment tools that are useful for planning
the design of products, such as quality function deployment (QFD) (Clausing 1994), concurrent function
deployment (Prasad 1996), conceptual selection matrix (Pugh 1991), and Taguchi robust design method
(Taguchi 1986). Quality function deployment (QFD) provides a set of matrix-based techniques to quantify
the organizational characteristics and identify quality characteristics that would meet customer expectations
and needs (Clausing 1994). While QFD addresses only the quality aspect, CFD deals with total life-cycle
concerns from a concurrent engineering perspective. The concept selection matrix initially proposed by
Pugh (1991) is another matrix-based approach to quantify and measure product quality characteristics. It is
based on a list of product and customer requirements. The purpose of Taguchi’s robust design method is to
reduce or control variations in a product or process (Taguchi 1986). Depending upon the complexity and
stage of a design, there could be a large number of iterations required. While these methodologies provide
high-level guidelines for design evaluation, detailed supporting techniques are essential. As Prasad (1996)

pointed out, 4Ms (models, methods, metrics and measures) are the core in integrated product development.
2.2 Product Family Design Evaluation and Selection

In the literature, the problem on product family design evaluation and selection has received much attention
of researchers from both engineering design (for designer) and management and marketing (for customer).
From an engineering design perspective, multi-objective optimization models have been used to obtain a

performance optimal product family (line) in order to satisfy a range of customer requirements, and to



quantify the influence of a product platform (Nelson et a 1999, Li and Azarm 2000,2002; Simpson et al
1998,2001). In addition, the engineering design literature reports on models that account for cost, expected
profit, risks, and benefits of delayed decisions in producing a product family (line) (Fujita et a 1998,
Gonzale-Zugasti 2000). From the management and marketing perspective, research efforts have been made
mainly on product line positioning (Green and Krieger 1985; Kohli and Sukumar 1990; Dobson and Kalish
1993). In the product line-positioning problem, a line of products is selected from a set of already available
design alternatives, considering cost, customers' preferences and market competition to optimize a business
goal such as profit or market share. Li and Azarm (2002) proposed an integrated approach for a product line
design selection based upon marketing potential of candidate product lines, those that have the best possible
variants from an engineering design point of view. The integrated approach accounts for a large variety of
customers preferences, market competitions, and commonality (i.e., multi-component variants that share
one or more components across the product line). However, the previous work did not sufficiently account
for uncertainties of parameters such as customer preferences, product’s life cycle, market size, and discount
rate, etc.

The literature review indicates that several quantitative frameworks have been proposed for product
family design evaluation and selection. They provide valuable managerial guidelines in implementing the
overall platform-based product family development. However, there are very few systematic qualitative or
integrated intelligent methodologies to support the product development team members to adopt the
platform product development practice, despite the progress made in several research projects (Zha and Lu
2002a,b; Simpson et a 2003).

3. Customer-Driven Product Family Design for M ass Customization

The approach advocated in this work is for companies to realize a family of products that can be easily
modified and quickly adapted to satisfy a variety of customer requirements or target specific market niches.

Details about the knowledge supported product family design for mass customization are discussed below.
3.1 Strategies and Technical Challengesfor Mass Customization

The paradigm of mass customization is variety and customization through flexibility and quick
responsiveness. The essence of mass customization is to satisfy customers' requirements precisely without
increasing costs, regardless of how unique these requirements may be. That is, a manufacturer or company
has to perceive and capture latent market niches and correspondingly develop its technical capabilities to

meet diverse customer needs. Perceiving latent customization requires the exploration of market niches. The



capture of target customer groups means emulating or outclassing competitors in either quality or cost or
quick response or combination of one or more. Therefore, the requirements of mass customization lie in
three aspects: 1) time to market (quick responsiveness), 2) variety (customization), 3) flexibility, and 4)
economies of scale (mass efficiency). The oxymoron of mass customization depends on the leverage of these

requirements. There are eight identified strategies that have worked in many circumstances (Baudin 2001):

(D) Analysis of the structure of customer demands. The premise is that it is only necessary to make what
customers do order, not everything they might. Most of the actual customer demands tend to cluster
around a few configurations, and production must be organized to take advantage of this structure.

(2) Sandardization of components. Customized products do not aways have to be made from scratch.
Instead, they can be made from a small number of standard components.

(3) Use of products catalogs with a discrete set of sizes. Products made in size increments meet the needs of
almost all consumers.

(4) Postponement of customization. Customization is best employed at or near the end of the manufacturing
process. Postponing customization, however, may require substantial process engineering efforts.

(5) Identification of a common process. Treat customized products like options on standard products.

(6) Maintenance of a design repository. A database of previous designs should help in rapidly determining
an appropriate starting point for a new design.The challenge is finding ways to organize this data for easy
retrieval of similar designs rather than exact matches.

(7) Design a customized manufacturing process.

(8) Setup of a simple production control system.

Considering the above requirements, the main technical challenge in developing a coherent framework for
mass customization is in the ability to simultaneously satisfy the following reguirements within a single

approach (Tseng and Jiao 1996):

(D Reusability and commonality. Optimizing reusability and commonality to achieve low cost and high
efficiency, i.e. the economy of scale, an advantage characterized by mass production.

(2)Product platform. Providing a technical foundation for realizing customization, managing varieties and
leveraging core capabilities to optimize flexibility and foster a customer-focused and product driven
business.

(3)Integrated product development. Facilitating meta-level integration throughout the product devel opment

process and over the product life cycle to achieve quality and increased responsiveness.



3.2 Customer-Driven Design for Mass Customization

With regards to the challenges and strategies presented in the previous section, this research investigates
mass customization from a product development perspective, namely customer-driven design for mass
customization (CDFMC). Our approach is based on the belief that mass customization can be effectively
approached from a design perspective (Tseng and Jiao 1996,1998). Essentially, we attempt to include
customers into the product development life cycle through proactively connecting customer needs to the
capabilities of a company. The main emphasis of CDFMC is to elevate the current practice from designing
individual products to designing product families. In addition, CDFMC advocates extending the traditional
boundaries of product design to encompass a larger scope, spanning from sales and marketing to distribution
and services (Tseng and Jiao 1998). To support customized product differentiation, a product family
platform is required to characterize customer needs and subsequently to fulfill these needs by configuring
and modifying well-established building blocks.
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Figure 1 outlines the concept for CDFMC used in this research (this is an adaptation of the process
model presented in (Barkmeyer et a 1997)). Recognizing the rationale of family-based product design with
respect to mass customization, the whole process of CDFMC ranges from capturing voices of customers and

market trends for generating product design specifications, designing product platform for generating



product variety or family, to deriving and customizing products (variant) by evaluating and selecting product
family for customers' satisfaction. CDFMC can be divided into two major stages: 1) product planning, and
2) family design. The product planning stage embeds the voices of customers into the design objective and
generates product design specifications. The product family design stage realizes sufficient product variety-
a family of products to satisfy a range of customer demands. Figure 2 illustrates a product family
architecture (PFA) to support mass customization. From customers’ point of view, products are functional
features and the related feature values. A product family is designed to address the requirements of a market
segment wherein the customers share some similar requirements and have their specia requirements in the
mean time. Customer requirements characterized by the different combinations of functional features can be
satisfied by the product variants derived by the common bases and differentiation enablers of the product
family. It is the configuration mechanisms that determine the generative aspect of a product family, which

guarantee that the technically feasible and market-wanted product variants are derived.
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Figure 2: Architecture of product family for mass customization
3.3 Module-Based Product Family Design

Modular systems provide the ability to achieve product variety through the combination and standardization
of components (Kusiak and Huang 1996). Fujita and Ishii (1997) decompose product families into systems,

modules, and attributes. Under this hierarchical representation scheme, as shown in Figure 3, product variety



can be implemented at different levels within the product architecture. The steps for creating a modul e-based

product family are as follows (Zha and Sriram 2003):

(1) Decompose productsinto their representative functions,
(2) Develop modules with one-to-one (or many-to-one) correspondence with functions;
(3) Group common functional modules into a common product platform; and

(4) Standardize interfaces to facilitate addition, removal, and substitution of modules.

The module-based product family design process is to develop a re-configurable product platform that can
be easily modified and upgraded through the addition, substitution, and exclusion of modules to realize
module-based product family. The customization stage aims at obtaining a feasible architecture of product
family member through reasoning product family module space according to customer requirements (Meyer
et al 1997). There are two steps involved in this stage. First, customer requirements such as function,
assembly, and reuse need to be converted to constraints (Suh 1990). Then, the reasoning is performed at two

levels: namely module and attribute levels, to determine feasible product family member architecture.
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3.4 Knowledge Support Framework for CDFMC

The conceptual framework shown in Figure 1 demonstrates the process of customer-driven design for mass
customization, which ranges from capturing voices of customer, analyzing market trends, generating design
objectives and product design specifications (PDS) to customizing products for customer satisfaction. To
assist the designer during this process, a knowledge support framework is further developed based on the
rationale of customer-driven design for mass customization, asillustrated in Figure 4.

Product family design knowledge is classified into two categories. 1) product/family information and
knowledge, and 2) product/family design process knowledge. These two categories of knowledge are
utilized to support customer-driven design for mass customization that has two application scenarios:
product planning and product family design (Zha and Sriram 2003). With understanding of the fundamental
issues in modular product family design, the knowledge support scheme aims to provide support for
customer requirements’ modeling, product architecture modeling, product platform establishment, product
family generation, and product family assessment for customization. The knowledge support scheme for

modular product family design and its key research issues are described in (Zhaand Lu 2002b).
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As shown in Figure 5, the product family design process in the context of CDFMC can actually be
divided into two major stages: 1) product platform building, and 2) product variant assessment. The

generation of product platform and family in the product platform building stage is implemented through

11



product (family) planning for design specifications and modular and configuration design, while the
evaluation and selection of product family for customization is implemented by assessing product variants
generated from product platform. The fundamental issues involved in product family design process have
been addressed in (Zha and Sriram 2003), which include a knowledge intensive support strategy and its
implementation for platform-based product design and development. During the process of modular product
family design for mass customization, a family of products can vary widely by the selection and assembly of
modules or pre-defined building blocks at different levels of abstraction so as to satisfy diverse
customization requirements. The essence of CDFMC isto synthesize product structures by determining what
modules or building blocks are in the product and how they are configured to satisfy a set of requirements
and constraints: family generation, evaluation and selection. A wrong or even a poor selection of either a
building block or a module can rarely be compensated for at later design stages and can give rise to a great
expense of redesign costs (Pahl and Beitz 1996). Thus, product family design evaluation and selection is
crucial for CDFMC. The remainder of this chapter will focus on how the decision support knowledge in
product family design knowledge base or repository (Zha and Sriram 2003) supports the designer to perform

product family evaluation and selection.
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4. Product Family Design Evaluation and Selection

This section begins with a summary of knowledge decision support scheme for product family design
evaluation and selection. It then presents eval uation/customization metrics applied in product family design
for mass customization process. Finally, it describes a fuzzy clustering and ranking model for classification,

evaluation and selection of product family design alternatives.
4.1 Knowledge Decision Support Scheme

The product family evaluation and selection for customization stage aims at obtaining a feasible architecture
of product family members through reasoning and decision support in the product family module space
according to customer requirements. The customization process includes two steps. First, the customer
reguirements such as functions and assemblies need to be converted to constraints and rules. Then, the
reasoning or decision support is performed at two levels, namely module level and attribute level, to
determine the feasible product family member architecture at the conceptual level. The design space for
product configuration during module reasoning is very large for a complex system. The designer is required
to consider not only the product functionality, but also some other criteria including compactness and other
life-cycle issues, such as assemblability, manufacturiability, maintainability, reliability, and efficiency.
Some criteria may contradict each other. Designers should analyze the trade-off among various criteria and

make the "best" selection from a number of design alternatives.
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In contrast to the traditional approaches (Pahl and Betiz 1996; Jiao and Tseng 1998), we propose a
knowledge-based approach to product family evaluation and selection for customization. Figure 6 shows a
knowledge decision support scheme. As shown in Figure 6, this stage characterizes afeasible set of products
generated from product platform as an input to the final customized product as an output. It will experience
the elimination of unacceptable alternatives, the evaluation of candidates for customization, and the final
decision under the customers' requirements and design constraints. The knowledge resource utilized in the
process may extensively include differentiating features, customers' requirements, desirabilities, preferences
and importance (weights), trade-offs (e.g. market vs investment), utility functions, and heuristic knowledge,
rules, etc. The kernel of the knowledge decision support scheme is based on fuzzy clustering and ranking

algorithms for design evaluation and selection. These will be discussed below.
4.2 Customization/Evaluation Metrics

In order to evaluate a family of products for mass customization, suitable metrics are needed to assess the
appropriateness of a product platform and the corresponding family of derivative products (Krishnan and
Gupta 2001). The metrics should also be useful for measuring the various attributes of the product family
and assessing a platform’s modularity. With respect to the process of product family design and
customization, we viewed the evaluation of product family design from three different level perspectives:
product platform, product family and product variant (Zha and Sriram 2003). The product variant level
evaluation is actually the same as or similar to the individual product design evaluation. Various traditional
design evaluation approaches are applicable, and the metrics for this level evaluation include cost, time,
assemblability, manufacturability, etc. The platform and family level evaluation is focused on the overall
benefit of product family development to the company, and the metrics at these levels reflect the main goal
of designing products/families is to maximize the benefits to the company. Currently, there are many
marketing or business, econo-technical metrics that can be used for measuring performance or evaluation in
customer-driven design for mass customization on the first two levels (Simpson 1998; Zha and Sriram
2003). For example, platform efficiency and platform effectiveness defined by Meyer et al. (1997) can be
used to measure R&D performance, focused on platforms and their follow-on products (variants) within a
product family. Other methods include cycle time efficiency, technological competitive responsiveness, and
profit potential (Meyer and Lehnerd 1997). In this research, the following two typical metrics have been
used in platform-based family level evaluation (Zha and Sriram 2003):

(DMarket efficiency. This metric embodies a tradeoff between the marketing and the engineering design,

which offers the least amount of variety to satisfy the greatest amount of customers, i.e., targets the

largest number of market niches with the fewest products.
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(2)Investment efficiency. This metric embodies a tradeoff between the manufacturing and the engineering

design, which invests a minimal amount of capital into machining and tooling equipment while still being
ableto produce as large a variety of products as possible.
Therefore, they can be represented by the following two equations:
Nm =Nrm/Ny 1
N = Cu/Ny, )
where, Nty and Ny are the number of the targetable market niches and the total market numbers,
respectively; Cy and N, are the manufacturing equipment costs and the number of the product varieties,
respectively. Of course, a tradeoff also exists between the market efficiency and the investment efficiency as
an increase in the investment efficiency through a decrease in product variety can cause a decrease in the

market efficiency.
4.3 Fuzzy Clustering and Design Ranking M ethodology

Due to the fuzziness of voice of customers (VoCs) or customer requirements/preferences, it is difficult to
model and assess the performance of a product platform/family and product variants. In this section, afuzzy
clustering and ranking methodology is proposed for product family design evaluation and selection in the
context of CDFMC. The algorithms are constructed using fuzzy sets theory to solve a fuzzy
clustering/classification and multi-criteria decision-making (FMCDM) problem. The fuzzy clustering
algorithm is used to classify design alternatives and determine similarity between modules and commonality
between products and product families. The fuzzy multi-criteria decision-making problem can be defined as
follows: given a set of design alternatives, evaluate and select a design alternative that satisfies customer

needs, meets design requirements and complies with the technical capabilities of a company.

4.3.1 Fuzzy Clustering Analysisfor Design

Based on the systematic approach (Pahl and Beitz 1996), a reasonable number of possible design
aternatives can be obtained using the design solution generation techniques at the conceptual design stage.
Each sub-function usually corresponds to a collection of available solution principles. If there are atotal of n
sub-functions, each of them has m possible solution principles. After a complete combination, we have
several theoretically possible overall solution variants as schematically illustrated in Table 1. Clustering is a
widely used method for pattern recognition (Kandel 1982). The use of cluster analysisin this research isto
sort a product data set, for example, a number of possible solution principles to sub-functions or their

possible combinations, into families such that the members of the same family (or group) are similar in some
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respect and unlike those from other families. Thisis very crucia for determining similarity between modules
and also commonality between products and product families.

Assuming there are m patterns, a;,a,,...,am, contained in the pattern spaces S. The process of clustering
can be formally stated as: to seek the regions s;,%,...,S such that every a;, i=1,....m fall into one of these
regions and no & falls into two regions, thet is 5,00 s,0 ...0s=S, Li#j, sns =@. This definition indicates
that clustering algorithms are based on natural association according to some similarity measures and the
patterns are described by a set of numerical measures or linguistic variables. The similarity measure or
dissimilarity measure is usualy given in numerical form to indicate degree of resemblance between objects
(or modules, or product variants) in agroup (or family), or between an object and a group, or between object
groups.

Table 1: Various combinations of solution principles, of which hatched areas
belong to the same family (group)

Solutions
1 2 m
Sub-functions J
1 Fi Sn S1z Sy Sim
2 F, S S22 Sz Sam
[ Fi Sit Siz Si Sim
n Fn Sni Sn2 Shi Shm

The simplest way to measure similarity is to use Euclidean distance. A design object (module, product
variant or product family) in a design space may be viewed as a pattern point in a pattern space, described by
a vector. The shorter the distance between two points, the more they resemble each other. However, the
concept of similarity is very fuzzy. The selection of variables and similarity measures often subjectively
reflects the investigator’s judgment, rather than rigorous mathematical guidelines. Another practical way to
measure similarity is to predefine a fuzzy similarity matrix based on some concerns and then to store it in
computer. Matrix Mg (AxB) shows a fuzzy matrix to represent the similarity between types of modules or
products in a family (Figure 7). Each entry in the matrix my indicates the degree of fuzzy resemblance of
product variant i and j. The closer the number in the matrix is to 1, the more similar the corresponding
module or product is. Figure 8 gives an instance of fuzzy similarity matrix for conceptual layout variantsin a

gear reducer product family.
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Given any two modules or product concepts at some level they will be grouped into the same cluster if
these two are always kept within one group or family at all later levels. The clustering sequence or
procedures are said to be hierarchical, which are divided into two distinct classes, bottom-up and top-down.
The former starts with singleton clusters and forms the sequence by successively merging clusters, whereas
the latter starts with all the objects in one cluster and forms the sequence by successively splitting clusters.

The algorithm of clustering used in this research follows four steps:

(D Find the smallest element in the distance matrix (d;) to merge corresponding to two objects.

(2)Select a point as a reference in the merged group using an appropriate rule, e.g., nearest neighbor or
centroid cluster.

(3)Recalculate the distance matrix between the new group and these remainders, named d;.;.

(4)Repeat step 1 until all the objects merge into one group.

Pv-B1 PYW-BZ F-Bi P-Bm
Al 1 0.8 0.95 1
PwRAZ 08 0.7 0.96 0.9
el 0.65 0.587 0.5
PYw-An 0O 1 0B 1

(2]

PywiAl PVEAD A Fy-An
Al 1 0.6 0.95 0.9
PAZ 086 1 0.585 HRE!
PyRAL 095 0.96 1 0.8
Py-Anf 0.9 05 0.8 1

(b)

Figure 7: Fuzzy matrix of similarity relations between types of product variants (PV-A, PV-B) in afamily
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L-R R-L L-L LR-LR

R-R R-LR L-LR LR-L LR-R
0.85 0.7 0.7 0.65 0.65 0.4

LR :D:' 1.0 0.9 0.85

RL :D: 0.9 1.0 0.9 09 08 0.8 0.7 0.7 0.4
Lt jj 085 085 1.0 095 07 0.7 06 0.6 05
RR [E 085 09 095 10 08 08 0.7 0.7 0.6
R-LR :[E 0.7 08 0.7 08 10 0.9 08 08 0.6
LR jj:' 0.7 08 0.7 08 09 10 08 08 07
LR-L jj: 065 07 0.6 0.7 0.8 08 1.0 08 0.7
LR-R :[E 065 07 0.6 0.7 08 08 08 1.0 08
LRLR j:E 0.4 0.4 05 06 06 0.7 0.7 0.8 10

Figure 8: Fuzzy matrix of similarity relations between types of conceptual layout variants
in agear reducer product family (L: Left, R: Right)

4.3.2 Fuzzy Ranking for Design

Using the design solution clustering techniques discussed above, a reasonable number of possible design
aternatives can be obtained. The remaining procedure is to examine the design alternatives against
marketing, econo-technical and even ergonomic criteria as well as aesthetic criteria. Thisis actually a multi-

criteria decision-making problem. One of the well-known methods for multi-criteria decision-making is the

procedure for calculating a weighted average rating T; by use of the value analysis or cost-benefit analysis

introduced in (Pahl and Britz 1996):

ﬁ:Z(wjrij)/ZWj ©)

where, i=1,2,....m, j=1,23,..., n, r; denotes the merit of aternative a according to the criterion Cj; w
denotes the importance of criterion C; in the evaluation of alternatives. The higher T, is, the better is its

aggregated performance. However, this procedure is not applicable for the situations where uncertainty

un

exists and the information available is incomplete. For example, the terms "very important,” "good," or "not
good" themselves are a fuzzy set. In what follows, the problem of fuzzy ranking a set of alternatives against
aset of criteriais described. Let aset of malternatives A={a,, a,,...,an} be afuzzy set on a set of n criteria

C={C.C,,...,.C, } to be evaluated. Suppose that the fuzzy rating ry to certain C; of aternative a is
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characterized by a membership function l“& (rij) , Where, g R, and a set of weights W={wy,W,,...,w,} are
fuzzy linguistic variables characterized by 7 (WJ-) w, U R". Consider the mapping function

g,(z): R™ - Rdefined by:

9(2)=y W)/ > w 0
]Z 3 ]Z i
where, z, = (W,W,...W_,II;,...I;,,). Define the membership function 4(z) by

Hz (z) = [[;:1 nHw, (Wj) [Ezl MR, (i) )

Thus, through the mapping g,(z):R™ - R, the fuzzy set Z induces a fuzzy rating set R with
membership function

Mg (1) =8UDZ g, )= M, (Z).1 OR (6)
The final fuzzy rating of design alternative a can be characterized by this membership function. But it does
not mean the alternative with the maximal Lix(r;)is the best one. The following procedure further evaluates

the two fuzzy sets as:
(1) aconditional fuzzy set is defined with the membership function:

if r.>r,0k0(1,2,...,m)
otherwise

Uy Foet) = élo @

(2) afuzzy setisconstructed with membership function:

0

U (r,.ry) = [ MR (r) (8)

A combination of these two fuzzy sets induces a fuzzy set | which can determine the best design aternative
with the highest final rating, i.e.,

lul (I) :Suprl,...rm IIJI/R(i |r1""rm) DOIUR(rl,'"rm) (9)

Comparing with Eq.(3), the fuzzy ranking for design is more flexible and presents uncertainty better. Based
on this method, the designer can use linguistic rating and weights such as "good”, "fair,” "important,” "rather

important,” for design alternatives evaluation. Therefore it looks natural and attractive in practical use.
4.3.3 Simplified Fuzzy Ranking for Design

In some cases, a simplified model is employed in integrating linguistic terms and fuzzy numbers into the
fuzzy preference model. The universe of discourse is a finite set of fuzzy numbers used to express an

imprecise level of performance rating and weight of each criterion. A range of imprecise levels is the
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linguistic terms, such as, “very low,” “low,” “fairly low,” “medium,” “fairly high,” “high,” and “very high.”
The linguistic scale is used to transform these linguistic terms of partial performance ratings R;, and weights
W of the criteria into triangular or trapezoidal fuzzy numbers defined in the interval [0,1]. R; denotes the
linguistic performance rating with respect to a criterion C; for aretrieved product variant PV;; W denotes the

linguistic weight of acriterion C;.
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Figure 9: Linguistic scale representation for fuzzy customer preferences and performances

The aggregation of fuzzy numbers in an analytic form requires a complex arithmetic process. Thus, in
this research, an approximate centroid-based defuzzification method is used to defuzzify the fuzzy numbers
into crisp values early on, and then the defuzzified results can be aggregated easily and the execution is very
fast (Zhang et a 2002). For example, if afuzzy set is represented as a trapezoidal fuzzy number, see Figure
9, then it can be parameterized by a quadruple (X;, X2, X3, X4) and its defuzzied crisp value using approximate
centroid is (X, + X+ Xt Xg)/4. A triangular fuzzy number (X, X2, X3) can also be represented as (Xg, Xz, X2, X3) by
atrapezoidal fuzzy number form with its crisp defuzzied value becoming (X;+Xo+ Xo+X3)/4.

With the approximate centroid-based defuzzification method the fuzzy linguistic performance rating R;
and fuzzy linguistic weight W can be respectively transformed into the crisp performance rating ry; 0[0,1]

and crisp weight w,[J[0,1]. Therefore, the numerical weighted performance rating 1; [J[0,1] of a design

alternative can be calculated smply using the classic weighted average aggregation method. The key points
of this simplification model can be understood as: it is a simple fuzzy ranking scenario; it can aso be used

for defuzzification.
4.4 Evaluation of Product Family Design Alter natives

4.4.1 Heuristic Evaluation Function
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With respect to the traditional approaches (Pahl and Betiz 1996; Jiao and Tseng 1998), we propose an
approach to concept evaluation and selection for product customization from the knowledge support
viewpoint. The knowledge resource utilized in the process includes differentiating features, customers
requirements, desirabilities, preferences and importance (weights), trade-offs (e.g. market vs investment),
utility functions, and heuristic knowledge, rules, etc. It is important to have a powerful search strategy that
will lead to a near optimum solution in a reasonable amount time. A* search (Sriram 1997) provides a
method to achieve this. The system first calculates the weighted performance rating aggregation of each
retrieved alternative by analyzing the trade-off among various criteria. Then it calculates the evaluation
index of each design alternative used as the heuristic evaluation function by considering all the weighted
performance ratings of product variants. Figure 6 shows a knowledge decision support scheme for product
evaluation and customization process. The kernel of the knowledge decision support scheme is fuzzy

clustering and ranking algorithms for design evaluation and selection that will be discussed below.
4.4.2 Evaluation Index

After calculating the numerical weighted performance ratings of all design alternatives, the evaluation index
is calculated and used as a heuristic evaluation function f,, by considering al the weighted performance
ratings T, (i=1, 2, 3,..., m) of its constituent members and the number k of its unsatisfied customer

requirements, as follows:

f, = Z(l/ﬁ) +k (10)
where, T;0[0,1] is the numerical weighted performance rating of product variants PV;; 1/T, = (L+)is

defined as the performance cost of product variants PV;. A higher weighted performance rating of a product
m
variant corresponds to a lower performance cost. Z (1/ 1) represents the accumulated performance cost of

a design dternative along the search path so far. k is a heuristic estimate of the minimal remaining

performance cost of adesign aternative along all the possible succeeding search paths. f, isthe estimate of

the total performance costs of a design aternative, also called the evaluation index or the heuristic

evaluation function. In the above formula, a higher T, i.e, the better-aggregated performance of each

retrieved product variants PV;, and lower mor Kk, i.e., higher compactness of a design alternative, will result

inalower f, (lower evaluation index of a design alternative). Thus, at each step of the A* search process,

the best design aternative, i.e., the one with the lowest value of the heuristic evaluation function is selected,
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by taking into account multi-criteria factors including design compactness and other life-cycle issues, such

as manufacturability, assemablility, maintability, reliability, and efficiency (market vsinvestment).
4.5 Neural Network Adjustment for Member ship Functions

Due to the complexity and uncertainty of design problems, there is a need to improve the above
comprehensive fuzzy clustering and ranking methods. This improvement can be achieved through alearning

technique such as neural networks. In afuzzy set, a variable v can belong to more than one set, according to

a given membership function p, (V). Standard membership function types as Z, A, 1t and Stype can be

mathematically represented as piecewise linear functions (Zimmermann 1986, 1996). It can be easily
implemented and adjusted by using neural networks (Zha 1999, 2001). The fuzzy system (e.g. rule block) is
the kernel of the whole fuzzy neural network model. It forms the basic scheme of knowledge representation

exploited in the fuzzy evaluator.

Multilayer
Neural
Network

>

Yi Ym

Figure 10: A network trained on membership values for fuzzy numbers

The neuro-fuzzy hybrid approach uses neural network to optimize certain parameters of an ordinary
fuzzy system, or to preprocess data and extract fuzzy rules from data (Zha 2001). The fuzzy evaluator
described above is reflected in three basic elements: fuzzification, fuzzy inference and defuzzification. The
fuzzification in the input interfaces translates analog inputs into fuzzy values. The fuzzy inference takes
place in rule blocks that contain the linguistic control rules. The output of these rule blocks is linguistic

variables. The defuzzification in the output interfaces transates them back into analog variables. Each of
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fuzzy rules can be interpreted as a training pattern for a multi-layer neural network, where the antecedent
part of the rule is the input and the consequent part of the rule is the desired output of the neural network.
There are two main approaches commonly used to implement fuzzy if-then rule blocks above by standard
error back propagation network. One is to represent a fuzzy set by a finite number of its membership values
(normally by linear functions). The other is to represent fuzzy numbers by finite number of a-level sets.
With simplicity, but without loss of generalizity, the former approach is adopted in this research. Suppose
that [a4,0,] contains the support of al the A; we might have as input to the system, and [B1,32] contains the
support of all the B; we can obtain as outputs from the system, i = 1, 2,...,n. If m>2 and n=2 be positive
integers, then

X =a,+(j-D(a,-a,)/(n-D),
Yi = b+ (i =D(b, - £,)/(m-1D),

where, 1<i<m, and 1<j<n. Thus, a discrete version of the continuous training set can be composed of the
following input/output pairs: { (Ai(X1), ..., Ai(X), (Bi(Ya),...,Bi(ym)}, i = 1,...,n. Using the notations a;=A(x;),
b;=Bi(y;), the fuzzy neural network turns into an n inputs and m outputs crisp network, which can be trained

by the generalized deltarule. Figure 10 shows a network trained on membership values of fuzzy numbers.
5. Case Sudy and System Prototype

This section provides a case study of the power supply family design evaluation and selection for mass

customization and introduces a prototype for product family design advisory system for decision support.

5.1 Case Sudy

Power supplies are necessary components of all electronic products. Because of diverse requirements, power
supply products (http://www.artesyn.com/) are often customized (Maurice, 1993; Jiao and Tseng 1998). To
illustrate and validate the proposed knowledge support scheme, a scenario illustrating the knowledge support
for power supply family design evaluation and selection for customization is provided.

From a customers point of view, a power supply product is defined on the following required features
(RFs): power, output voltage (OutV), output current (OutC), size, regulator, mean time between failure
(MTBF), etc. From an engineers point of view, the power supply product is designed by determining these
parameters (DPs): core of transformer (Core), coil of transformer (Coil), switch frequency (SwitchF),
rectifier, heat sink type (TypeHS), heat sink size (SizeHS), control loop (Control), etc. Figure 11 shows the

relationship between RFs and DPs, configurations and topologies. Three product families I, 1l and 1l are

23



generated based on three different topologies, which have 4,5 and 3 base products (BPs) respectively. Each
topology has its own range/limitation with regard to particular product features and/or design parameters.
The modularization process and modular design of power supply products are based on the work in (Zha and
Sriram 2003). When the product configuration is carried out, the design requirements and constraints are
satisfied especialy in terms of product functions or function features. Of course, from the assembly or
disassembly/maintenance points of view, it had better that the parts with low exchange rate are placed at

inside of product, but the locations of some parts are fixed in advance due to design constraints.

Control section
Controller (IC)

Power switch

Power section Ancillary section

Protection circuit
Housekeeping circuit

Intput Rectifier
Output Circuit \

Input filtering
Output rectifier

(b) Topologies

Figure 11: Configurations and topol ogies of power supply products
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Requirements (AC/DC, 45W, 5V& +15V,150khrs, $30- 40)
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(Design Advisor) (I1)
Co* O :

Knowledge Source
(From Knowledge Repository)

Figure 12: Scenario of knowledge support for product evaluation and selection

With reference to the knowledge decision support scheme for product evaluation (Figure 6), a scenario
illustrating the knowledge support for power supply product evaluation for customization in Family | is
shown in Figure 12. The customers’ requirements for Family-1 power supplies include AC/DC, 45W, 5V &
+15V, 150khrs, $20-50, etc. The knowledge decision support system first eliminates unacceptable
aternatives and determines four acceptable alternatives, NLP40-7610, NFS40-7610, NFS40-7910, and NFS
42-7610. The final design decision can be reached based on the knowledge resources given in Figure 13,
including customer preferences, differentiating features (MTBF, price, and special offer) and their utility /
membership functions, fuzzy rules, and etc. The final design decision made by the system is NFS42-7610 as
it has maximum MTBF, medium price and special offer of auto-start function and it is acceptable based on

therules.
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Utility Utility Utility
MTBF Price Special
MTBF Price Special
NLP40-7610 150 36
NSF40-7610 170 32
NSF40-7910 170 40
NSF42-7610 230 20 Auto-Restart

Medium

1.0 Small

Large
Fuzzy Rules:

IF MTBF is high and
Price is medium and
with Special Offer

0.0 100 150 200

300

1.0 Small Medium

Large IF MTBF is small and
Price is high and
without Special Offer

0.0 25 30 35

Figure 13: Knowledge used in power supply product evaluation and selection for customization

5.2 System Prototype

To verify and validate the knowledge support scheme, a prototype of a product family design decision
support (evaluation and selection) system, called Design Advisor, has been developed based on the fuzzy
clustering and ranking model described above. It is a web-based multi-tier system, written in Java™,
incorporating Java Expert System Shell, Jess/FuzzyJess (Ernest 1999; NRCC 2003; Samuel and Bellam
2000), consisting of cluster analysis module, ranking module, selection module, neural-fuzzy module, and
visualization and explanation facilities. The Design Advisor system is a subsystem of the knowledge
intensive support system for product family design described in (Zha and Lu 2002a,b; Zha and Sriram 2003).
The current capabilities of the prototype include capturing and browsing of the evolution of product families

and of product variant configurations in product families, ranking and evaluation and selection of product

variantsin a product family.

THEN Rational (acceptable)

THEN Non-rational (not acceptable)
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A Web-based Design for Mass Customization Project - Microsoft Internet Explorer
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Figure 14: Screen snapshot for product family evaluation session

The comprehensive fuzzy decision support system can visualize and explain the reasoning process and
make a great difference between the knowledge support system and the traditional program. In this
subsystem, a tracing approach using linear chain list (Rule Used No) is adopted for addressing the
explanation facilities: 1) How to reach the conclusions? 2) How many rules are used in reasoning? 3) Doesiit
use Rule X? 4) Why use Rule X? and 5) When does it use Rule X? A linear chain list records the rule
number of successful rules during reasoning process and stores them in a knowledge unit. The designer/user
consultation is answered by a backtracking mechanism like Prolog. With this subsystem, the designer can
represent the design choices available as a fuzzy AND/OR tree. The fuzzy clustering and ranking algorithms
employed in the system are able to evaluate and select the (near) overall optimal design that best satisfies
customer requirements. The selected design choice is highlighted in the represented tree. Figure 14 gives a
screen snapshot of the prototype system used for power supply family evaluation and selection.
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6. Discussion

The developed approach, which differs from existing methods and systems (e.g. Jiao and Tseng 1998), is
knowledge supported and embodies an effective and efficient method and mechanism to evaluate and select
design alternatives or product variants in product family. The system described in this chapter can provide
advisory service for design of mass customized products and explain the results and what-ifs. Specifically, it
is able to provide a common language at the concept level, alowing a designer to describe a design
aternative or product variant so that an expert advisory system can decide and select which design
aternative and product variant can satisfy the customers requirements. This means that the system is
designed as a tool for finding a “good” concept/solution for a product/product family while still at the
conceptual level of design, and making a diverse catalog of design aternatives/product variants available to
designers/users so that they can experiment with different requirements/technologies in business.

The “web-top” (web-based) product families can be achieved by using the technol ogies of e-commerce
and mass customization to design and set up the mass customized systems on the web based on the remote-
site customers and task requirements for reconfigurable modular systems. The widespread use of these
systems is likely to lead many companies to put their products database searches on-line, allowing users to
filter inventories/catalogs based on user entered requirements/preferences. Also, the system allows
developers to provide intelligent knowledge services and an open environment to support and coordinate
highly distributed and decentralized collaborative design and modeling activities for designers/users. Web-
based interface lets designers/users customize products and submit them for review if necessary. Thus, the
system provides the remote users advice that: 1) indicates which product variant is the most suited to the
customers' requirement; 2) how the design could best be modified to satisfy the customers’ requirements and
constraints. As a result, converting a product from one task/customer to another can be very fast in order to

keep up with the rapidly changing marketplaces or applications.

7. Summary and Conclusions

This chapter presented an approach on a knowledge decision support for product family evaluation and
selection. A comprehensive fuzzy knowledge support scheme and the relevant technol ogies were devel oped
for product family evaluation and selection in customer-driven design for mass customization. The
developed systematic fuzzy clustering and ranking methodology can model the imprecision inherent in
design decision-making with fuzzy preference relations and carry out fuzzy analysis and evaluation which is
capable of handling linguistic as well as ordinary quantitative information thus solving the multi-criteria

decision making problem. The employment of neural networks can adjust membership functions of
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evaluation and selection criteria, rationalize the determination of customer preferences, and incorporate
them into fuzzy analysis. Thus, typical barriers to decision-making processes, including incomplete and
evolving information, uncertain evaluations, inconsistency of team members inputs, can be compensated.
The results obtained from the case study illustrate the potential and feasibility of the knowledge intensive
decision support scheme and the fuzzy clustering and ranking methodology in product family design
evaluation and selection. This work can help bring products to market faster, and with more certainty of
success. Based on the results of assessment, industry best practices are identified that can help improve
product quality, cost, and time-to-market and right-to-market. The developed methodology is generic and

flexible enough to be used in avariety of decision problems, e.g., concept evaluation and selection.

Disclaimer

Commercial equipment and software, many of which are either registered or trademarked, are identified in
order to adequately specify certain procedures. In no case does such identification imply recommendation or
endorsement by the National Institute of Standards and Technology, nor does it imply that the materials or

equipment identified are necessarily the best available for the purpose.

References

1. Baudin, M. (2001). Eight strategies for mass customization, Manufacturing Management & Technology Institute,
http://www.mmt-inst.com/, USA.

2. Barkmeyer, Edward, Christopher, Neil , Feng, S. , Fowler, James E , Frechette, Simon , Jones, Albert , Jurrens,
Kevin K. , McLean, Charles , Pratt, Mike , Scott, H.A., Senehi, M. K. , Sriram, R.D. , Wallace, Evan. (1997).
SIMA Reference Architecture Part I: Activity Models, NISTIR 5939, National Institute of Standards and
Technology, Gaithersburg, MD.

3.  Boender, C. G., de Graan, J. G. and Lootsma, F. A. (1989). Multi-criteria decision analysis with fuzzy pairwise
comparisons. Fuzzy Sets and Systems, Vol.29, pp.133-143.

4. Carnahan, J. V., Thurston, D. L. and Liu, T. (1994). Fuzzy rating for multi-attribute design decision-making.
Journal of Mechanical Design, Transaction of the ASMIE, Vol.116, No.2, pp.511-521.

5. Chen, S.J, Hwang, C.L. and Hwang, F.P. (1992). Fuzzy Multiple Attribute Decision Making: Methods and
Applications. Berlin: Springer-Verlag.

6. Clausing, D. (1994). Total Quality Development: A Sep-by-Sep Guide to World Class Concurrent
Engineering,.New Y ork: ASME Press.

7. Dhingra, A. K., Rao, S. S. and Kumar, V. (1991). Nonlinear membership functions in the fuzzy optimization of
mechanical and structural systems. AAAI 31st Sructural Dynamics and Materials Conference, Long Beach, CA,
pp.403-413.

29



10.

11.

12.

13.

14.

15.

16.
17.

18.

19.

20.

21

22,

23.

24,

Dixon, JR., Howe, A., Cohen, P.R., and Simmons, M.K. (1986). Dominic |: Progress towards domain
independence in design by iterative redesign. Proceedings of the ASME 1986 Computers in Engineering
Conference, Chicago, IL, Vol.1, pp.199-212.

Dobson, G., and Kalish, S. (1993). Heuristics for pricing and positioning a product line using conjoint analysis and
cost data. Management Science, 39(2), pp.160-175.

Ernest, J. Friedman-Hill. (1999). The Java Expert System Shell, http:// herzberg.ca.sandia.gov /jess, Sandia
National Laboratories, USA.

Frazell, E. (1985). Suggested techniques enable multi-criteria evaluation of material handling alternatives.
Industrial Engineering, Vol.17, No.2.

Fujita, K. and Ishii, K. (1997). Task structuring toward computational approaches to product variety design.
Proceedings of the 1997 ASME Design Engineering Technical Conferences, Paper No. 97DETC/DAC-3766,
ASME.

Fujita, K., Akagi, S., Yoneda, T., and Ishikawa, M. (1998). Simultaneous optimization of product family design
sharing system structure and configuration. CD-ROM Proceedings of the 1998 ASME Design Engineering
Technical Conferences, Atlanta, Georgia.

Gaithen, N. (1980). Production and Operations Management: A Problem-Solving and Decision-Making
Approach, The Dryden Press, New Y ork.

Gilmore, J. H. and Pine, B. J., I1. (1997). The four faces of mass customization. Harvard Business Review, Vol. 75
(January-February): pp. 91-101.

Gonzale-Zugasti, J.P. (2000). Models for Platform-Based Product Family Design, PhD Thesis, MIT, Cambridge.
Green, P.E., and Krieger, A.M. (1985). Models and heuristics for product line selection. Marketing. Science, 4(1),
pp.1-19.

Gui, JK. (1993). Methodology for Modeling Complete Product Assemblies, PhD Dissertation, Helsinki University
of Technology.

Hwang, C.L. and Yoon, K. (1981). Multiple Attribute Decision Making: Methods and Applications, Berlin:
Springer.

Huang, P. and Ghandforoush, P. (1984). Procedures given for evaluating, selecting robots. Industrial Engineering,
Vol.16, No.4.

Jiao, J.X., and Tseng, M.M. (1998a). Fuzzy ranking for concept evaluation in configuration design for mass
customization. Concurrent Engineering: Research and Application, Vol.6, No.3, pp. 189-206.

Jiao, J.X., and Tseng, M.M. (1998b). Design for mass customization by developing product family architecture.
Proceedings of the 1998 ASME Design Engineering Technical Conferences, Paper No.: DETC98/DFM-5717.
Knosala, R. and Pedrycz, W. (1992). Evaluation of design aternatives in mechanical engineering. Fuzzy Sets and
Systems, Vol.47, No.3, pp.269-280.

Kandel, A. (1982). Fuzzy Techniques in Pattern Recognition, John Wiley & Sons.

30



25,

26.

27.
28.

29.

30.

31.

32.
33.

35.

36.

37.

38.

39.

40.

41.

Kickert, W.J.M. (1978). Fuzzy Theories on Decision Making: A Critical Review, Martinus Nijhoff Social Sciences
Division

Kohli, R., and Sukumar, R. (1990). Heuristics for product-line design using conjoint analysis. Management
Science, 36(12), pp.1464-1477.

Kotler, P. (1989). From mass marketing to mass customization. Planning Review, Vol. 17(5): pp. 10-15.

Krishnan, V. and Gupta, S. (2001). Appropriateness and impact of platform-based product development.
Management Science, 47(1): pp.52-68.

Lee, H. L. and Tang, C. S. (1997). Modeling the costs and benefits of delayed product differentiation.
Management Science, Vol. 43(1): pp. 40-53.

Li, H., and Azarm, S. (2000). Product design selection under uncertainty and with competitive advantage. Journal
of Mechanical Design, Transactions of the ASME, Vol.122, pp.411-418.

Li, H., and Azarm, S. (2002). An approach for product line design selection under uncertainty and competition.
Journal of Mechanical Design, Transactions of the ASVIE, Vol.124, pp.385-392.

Maurice K. (1993). Trends in AC/DC Switching Power Supplies and DC/DC Converters, IEEE.

Martin, M. and Ishii, K. (1996). Design for variety: a methodology for understanding the costs of product
proliferation. 1996 Design Theory and Methodology Conference (Wood, K., ed.), Irvine, CA, ASME, Paper No.
96-DETC/DTM-1610.

McKay, A., Erens, F. and Bloor, M. S. (1996). Relating product definition and product variety. Research in
Engineering Design, Vol. 8 (2): pp. 63-80.

Meyer, M. H., Tertzakian, P. and Utterback, J. M. (1997). Metrics for managing research and development in the
context of the product family. Management Science, Vol. 43(1): pp.88-111.

Mistree, F., Bras, B., Smith, W.F., Allen, JK. (1995). Modeling design processes: a conceptual, decision-based
perspective. Engineering Design & Automation, Vol.1, No.4, pp.209-321.

Mistree, F., Hughes, O.F. and Bras, B.A. (1992). The compromise decision support problem and the adaptive
linear programming algorithm. Sructural Optimization: Satus and Promise, M.P. Kamatt (ed.), AIAA,
Washington D. C., Chapter 11, pp.247-286.

NRCC (Nationa Research Council of Canada). (2003). Fuzzy Logic in Integrated Reasoning, webpage:
http://www.iit.nrc.ca/l R_public/fuzzyi.

Nelson, SA., Parkinson, M.B., and Papalambros, P.Y. (1999). Multi-criteria optimization in product platform
design. CD-ROM Proceedings of DETC99, 1999 ASME Design Engineering Technical Conferences, September
12-15, 1999, Las Vegas, Nevada.

Nielsen, E.H., Dixon, J.R. and Simmons, M.K. (1986). GERES: a knowledge-based material selection program for
injection molded resins. Proceedings of the ASME 1986 Computers in Engineering Conference, Chicago, IL,
pp.255-262.

Pahl, G. and Beitz, W. (1996). Engineering Design - A Systematic Approach, New Y ork: Springer.

31



42

43.

45,

46.
47.

48.

49,

50.

51.

52.

53.

55.
56.

57.

58.

59.
60.

Pfaltz, J. L. and Rosenfeld, A. (1969). Web grammars. Proceedings of First International Joint Conference on
Artificial Intelligence, Washington, D.C. pp. 609-619.

Pine, B. J. (1993). Mass Customization - The New Frontier in Business Competition, Boston, MA, Harvard
Business School Press.

Prasad, B. (1996). Concurrent Engineering Fundamentals, Vol.1-2, NJ: Prentice Hall PTR.

Pugh, S. (1991). Total Design: Integrating Methods for Successful Product Engineering, Addition- Wesley
Publishing Co. Inc.

Samuel, A.K., Bellam, S., (2000). http://www.glue.umd.edu/~sbellam/

Sanderson, S. and Uzumeri, M. (1995). Managing product families: the case of the Sony Wakman. Research
Palicy, Vol. 24: pp. 761-782.

Sanderson, S. W. (1991). Cost models for evaluating virtual design strategies in multi-cycle product families.
Journal of Engineering and Technology Management, Vol. 8: pp. 339-358.

Schile, T. and Goldhar, J. D. (1989). Product variety and time based manufacturing and business management:
achieving competitive advantage through CIM. Manufacturing Review, Vol. 2(1): pp. 32-42.

Simpson, T. W. (1998). A Concept Exploration Method for Product Family Design, Ph.D Dissertation, System
Realization Laboratory, Woodruff School of Mechanical Engineering, Georgia Institute of Technology.

Simpson, T. W., Maier, JR.A., Mistree, F. (2001). Product platform design: method and application. Research In
Engineering Design, Vol.13, pp.2-22.

Simpson, T.W., Umapathy, K., Nanda, J., Halbe, S., and Hodge, B. (2003). Development of a framework for web-
based product platform customization, Journal of Computing and Information Science in Engineering,
Transactions of the ASME, Vol.3, pp.119-129.

Sriram, R.D. (1997). Intelligent Systems for Engineering: A Knowledge-based Approach, Springer.

Sriram, R.D. (2002). Distributed and Integrated Collaborative Engineering Design, Sarven Publishers, Glenwood,
MD 21738, USA.

Suh, N. P. (1990). The Principles of Design, New Y ork: Oxford University Press.

Sullivan, W. (1986). Models |Es can be used to include strategic, non-monetary factors in automation decisions.
Industrial Engineering, Vol.18, pp.42-50.

Saaty, T.L. (1991). The Analytic Hierarchy Process, McGraw-Hill, New Y ork.

Siskos, J., Lochard, J. and Lombard, J. (1984). A multi-criteria decision-making methodology under fuzziness:
application to the evaluation of radiological protection nuclear power plants. TIMSSudies in Management
Sciences, H.J. Zimmermann (ed.), Amsterdam: North-Holland, pp.261-283.

Taguchi, G. (1986). Introduction to Quality Engineering, Tokyo, Japan: Asian Productivity Organization.

Tanino, T. (1988). Fuzzy preference relations in group decision making. Non-Conventional Preference Relations

in Decision Making, J. Kacprzyk and M. Roubens (eds.), Berlin: Springer, pp.54-71.

32



61.

62.

63.

65.

66.

67.

68.
69.

70.

71.

72.

73.

4.

75.

76.

7.

Thurston, D.L. (1991). A formal method for subjective design evaluation with multiple attributes. Research in
Engineering Design, Vol.3, No.2, pp.105-122.

Thurston, D.L. and Carnahan, J.V. (1992). Fuzzy rating and utility analysis in preliminary design evaluation of
multiple attributes. Journal on Mechanical Design, Transaction of the ASME, Vol.114, No.4, pp.648-658.
Thurston, D.L. and Locascio, A. (1994). Decision theory for design economics. Special Issue, Engineering
Economist, Vol.40, No.1, pp.41-72.

Thurston, D.L. and Crawford, C.A. (1994). A method for integrating end-user preferences for design evaluation in
rule-based systems. Journal of Mechanical Design, Transaction of the ASME, Vol.116, No.2, pp.522-530.

Tong, C. and Sriram, D. (Eds.), (1991a). Artificial Intelligence in Engineering Design: Volume | -- Representation:
Structure, Function and Constraints; Routine Design, Academic Press.

Tong, C. and Sriram, D. (Eds.), (1991b). Artificial Intelligence in Engineering Design: Volume |11 -- Knowledge

Acquisition, Commercia Systems; Integrated Environments, Academic Press.

Tseng, T.Y. and Klein, C.M. (1989). New algorithm for the ranking procedure in fuzzy decision-making. |EEE
Transactions on Systems, Man and Cybernetics, Vol.19, No.5, pp.1289-96.

Tseng, M.M. and Jiao, J.X. (1996). Design for mass customization. CIRP Annals, VVol.45, No.1, pp.153-156.
Tseng, M.M. and Jiao, J.X. (1998). Product family modeling for mass customization. Computersin Industry, Vol.
35(3-4): pp 495-498.

von Neumann, J. and Morgenstern, O. (1947). Theory of Games and Economic Behavior, Princeton University
Press.

Wang, J. (1997). A fuzzy outranking method for conceptual design evaluation. International Journal of
Production Research, Vol.35, No.4, pp.995-1010.

Wood, K.L., Antonsson, E.K. and Beck, J.L. (1989). Representing imprecision in engineering: comparing fuzzy
and probability calculus. Research in Engineering Design, Vol.1, No.3/4, pp.187-203.

Wood, K.L. and Antonsson, E.K. (1989). Computations with imprecise parameters in engineering design:
background and theory. ASME Journal of Mechanism, Transmissions, and Automation in Design, Vol.111,
pp.616-625.

Wortmann, H.C., Muntdag, D.R. and Timmermans, P.J.M. (1997). Customer-Driven Manufacturing, Chapman
and Hall, London.

Zha, X.F. (1999). Knowledge Intensive Methodology for Intelligent Design and Planning of Assemblies, PhD
Thesis, Nanyang Technological University, Singapore.

Zha, X.F. (2001). Neuro-fuzzy comprehensive assemblability and assembly sequence evaluation. Artificial
Intelligence for Engineering Design, Analysis and Manufacturing (Al EDAM), Vol.15 (5), pp.367-384.

Zha, X.F., and Lu, W. F. (2002a). Knowledge support for customer-based design for mass customization. AID’02,
J S Gero (ed), Kluwer Academic Press, pp.407-429.

33



78.

79.

80.

81.
82.
83.

Zha, X.F., and Lu, W.F. (2002b). Knowledge intensive support for product family design. Proceeding of 2002
ASME DETCO2, Paper No. DETC/DAC 34098.

Zha, X.F., and Sriram, R.D. (2003). Platform-based product design and development: knowledge support strategy
and implementation. Business and Technology in New Millennium, Cornelius T. Leondes (ed), Kluwer Academic
Publishers, USA.

Zimmermann, H.J. (1987). Fuzzy Sets, Decision Making, and Expert Systems, Boston: Kluwer Academic
Publishers.

Zimmermann, H.J. (1996). Fuzzy Set Theory and Its Applications, 3rd ed., Boston; Kluwer Academic Publishers.
Zadeh, L.A. (1965). Fuzzy Sets. Information and Control, Vol.8, pp.338-353.

Zhang W.Y., Tor, S.B., and Britton, G.A. (2002). A heuristic state-space approach to the functional design of
mechanical systems. International Journal of Advanced Manufacturing Technology, Vol.19, pp. 235-244.



